Background: Human cystic (CE) and alveolar (AE) echinococcoses are zoonotic parasitic diseases that can be influenced by environmental variability and change through effects on the parasites, animal intermediate and definitive hosts, and human populations. We aimed to assess and quantify the spatiotemporal patterns of human echinococcoses in Ningxia Hui Autonomous Region (NHAR), China between January 1994 and December 2013, and examine associations between these infections and indicators of environmental variability and change, including large-scale landscape regeneration undertaken by the Chinese authorities. Methods: Data on the number of human echinococcosis cases were obtained from a hospital-based retrospective survey conducted in NHAR for the period 1 January 1994 through 31 December 2013. High-resolution imagery from Landsat 4/5-TM and 8-OLI was used to create single date land cover maps. Meteorological data were also collected for the period January 1980 to December 2013 to derive time series of bioclimatic variables. A Bayesian spatio-temporal conditional autoregressive model was used to quantify the relationship between annual cases of CE and AE and environmental variables.
Background
Cystic (CE) and alveolar (AE) echinococcoses, caused by Echinococcus granulosus and E. multilocularis, respectively, are the two forms of human echinococcosis of major public health importance worldwide [1] . Both diseases are distributed widely and potentially life threatening if left untreated [2] [3] [4] . Within China, E. granulosus and E. multilocularis are responsible for approximately 0.6-1.3 million human cases, with transmission occurring predominantly in central and western areas. Based on reports from the Chinese Ministry of Health, more than 98% of patients with human echinococcoses originate from Gansu, Qinghai and Sichuan Provinces and from Xinjiang Uygur, Ningxia Hui and Inner Mongolia Autonomous Regions [5] . Although these regions constitute highly endemic areas for these diseases in East Asia, significant differences in parasite prevalences have been demonstrated at regional and local levels [6] [7] [8] . On the Qinghai-Tibet Plateau, where there is high transmission of Echinococcus spp., the prevalence of both CE and AE ranges between 0.4-9.5%, being higher in communities where pastoralism and poor socio-economic conditions are predominant [9, 10] . The patchy AE endemicity distribution has been associated with landscape characteristics and climatic factors that determine habitat suitability for the definitive and intermediate hosts [11] [12] [13] [14] [15] [16] [17] . Hence, understanding how environmental and social factors interact to determine parasite transmission is essential for the design and implementation of effective strategies against echinococcosis, and to target resources to the communities most in need.
Echinococcus spp. are maintained primarily through complex domestic and sylvatic life-cycles that involve a wide range of intermediate and definitive hosts and a free-living egg stage. Humans are accidental hosts, that acquire the infection through direct contact with definitive hosts or through a contaminated environment [2] . In the sylvatic and semi-domestic (E. multilocularis) and domestic (E. granulosus) life-cycles of the parasites, distinct socio-demographic and environmental factors modulate the parasite-host-human interplay at different spatial scales [18, 19] . Therefore, different processes of environmental change have the potential to modify the transmission pathways of these parasites [18] .
Various land reform policies and incentive programmes have been developed in China to recover degraded lands and promote sustainable development in rural areas [20] . The Grain for Green Project (GGP), also called the Sloping Land Conversion Programme, implemented since 1999, is one of the largest payment for ecosystems services schemes in China [21] . The main focus of the programme is to rehabilitate the ecological environment by promoting three different types of land conversion on steep slopes: cropland to grasslands, cropland to forest and wasteland to forest [21] . The GGP also advocates for small ruminant enclosure and grazing prohibition. In highly endemic areas for echinococcoses, the anthropogenic-driven land cover modifications that resulted apparently from the implementation of the GGP and other reforestation programmes might have favoured the transmission of E. multilocularis. Evidence on the impact of deforestation [13, 22] , afforestation [11] and fencing/agricultural practices [23] [24] [25] on the population density and distribution of small mammals is increasing.
Recognizing the public health and economic significance of human echinococcoses, and the potential risk of parasite range expansion, the National Health and Family Planning Commission (NHFPC) launched a national action plan for echinococcosis control in 2005 [26] . This initiative aims to decrease the seropositivity rate in children aged < 12 years and to reduce infestation rates in dogs. To achieve these goals, five interventions were designed to reduce the impacts of these infections in 217 endemic counties: community-based epidemiological surveys involving serological, abdominal ultrasound and chest X-ray screening for early detection of cases; treatment and surveillance of patients diagnosed with the disease; education campaigns to enhance awareness among local people and health officials; regular anti-helmintic treatment for deworming of dogs; and improved control of slaughter practices [27] . In general, the coordination of these efforts has proven difficult, especially in rural areas [26, 27] . In order to improve the establishment and monitoring of realistic targets for control, it is necessary to estimate the real impact of these infections and the permissive factors for transmission at local and regional scales [28] .
Using geographical information systems (GIS), Earth observation data and a Bayesian statistical framework, the present study describes the spatio-temporal patterns of CE and AE in NHAR between January 1994 and December 2013. The aims were to identify highly endemic areas for these infections in the autonomous region, and to determine the environmental covariates that are shaping their local geographical distributions, in particular those that may be indicators of the potential impact of the GGP on the NHAR land cover profile. The findings may help the targeting of resources to communities most in need of echinococcosis control, and by contributing to environmental risk assessments of major landscape regeneration programmes such as the GGP. [32] . The report also demonstrated that migration decision depends on various demographic and socioeconomic factors. In NHAR, migrants are young men with an education level of about 6-9 years, which coincides with the population with high tendency towards migration in China [33] . Variations in migration propensity between Han and Hui nationality groups or between married and non-married people were not found [32] .
Methods

Study
NHAR lies in a temperate continental monsoon climate zone that is characterized by large seasonal variation in temperature, rainfall and humidity. About 80% of the annual rainfall occurs during the summer and autumn months and generally increases from North to South. Elevation increases from North to South with the highest peak at 3556 m ( Fig. 1) [16] .
Data on human CE and AE
Data on the number of human CE and AE cases were derived from a hospital-based retrospective survey. Hospital medical records for the period between January 1 1992 and December 31 2013 were reviewed in 25 public hospitals in NHAR: 1 hospital from each county (n = 21), three hospitals from the capital city, Yinchuan, and 1 hospital from Guyuan Prefecture. Data collection was conducted during two different time periods, 2002-2003 and 2012-2013 and both involved the same number of hospitals. These hospitals were selected because they provide clinical and surgical care for most echinococcosis patients from rural and urban areas in the province. When patients with a presumptive echinococcosis diagnosis are admitted to local rural medical centres, they are usually referred to the county hospital for confirmation, treatment and follow-up examination. All patients whose diagnoses of CE and AE infection were established during the study period were included in the analysis. Inclusion criteria required that the diagnosis of a CE or AE case was confirmed based on imaging, serological, surgical and/or histopathologic findings. A standard form was used to extract individual information on relevant clinical, pathological and demographic data for all confirmed cases. Data were georeferenced to the township in which each patient resided: this was assumed to be the geographical area where the infection occurred. The day of diagnosis was considered to be the date of primary surgical and confirmatory procedures. If a confirmed case was readmitted to hospital with the same diagnosis, only the initial admission was included in the analysis. The design and methods of the hospital survey for the period 1992-2002 have been described in detail elsewhere [34, 35] . The review of medical records for the period 2003-2013 followed the same protocol.
Because the data collected between 1992 and 1993 had considerable gaps, the CE and AE cases derived from these years were excluded from the analysis. For the purpose of our analyses the time period for the study was set from January 1 1994 to December 31 2013. To conduct the analysis, CE and AE cases were aggregated by township and year.
Population data
Data on population for the year 2010 were downloaded from the WorldPop Project website [36] . A grid (i.e. raster surface) was available for the area of China at the resolution of 100 m. Population counts were extracted for each township using the ArcGIS software [37] and an administrative map of NHAR. In addition, data on population at the prefecture level were also obtained for the years 1990 and 2000 from the national censuses [38] . These data were used to calculate an average annual population growth rate for each prefecture between the years as follows: r = (P 2 -P 1 /P 1 )/t; where r is the average rate of growth, P 1 and P 2 are the population totals for the first and second reference years, respectively, and t is the number of years between the two census counts. Applying a Taylor series approximation to remove non-linear terms [39] , the growth rate estimates were then used to calculate population counts for each township and year based on the 2010 population values derived from the WorldPop grid, (P 2 = P 1 e (rt) ) [40] . However, it should be noted that the approximation becomes increasingly erroneous as t increases (Additional file 1) [39] .
Climate and physical environment data
The independent variables included in the analysis were derived from the following datasets: land cover maps, elevation, monthly mean temperature and precipitation. Because data on human echinococcoses were collected for the period 1994-2013, the environmental datasets were derived from 1980 to 2013 to investigate environmental conditions that could account for exposures during the long incubation period that characterises echinococcosis infections (5-15 years) [41] .
Single date land cover maps were created for the years 1991, 1996, 2000, 2005, 2010 and 2015. The scientific background and processing steps have already been published [9] so are only outlined in brief here. These maps were produced using images retrieved from the Landsat Surface Reflectance Climate Data Record available in Earth Explorer [42] . Four scenes processed from Landsat 4-5 Thematic Mapper and Landsat 8 Operational Land Imager and Thermal Infrared Sensor were collected for each year. Most scenes were retrieved from the summer and autumn season that correspond to the period June to November [43, 44] . When there were no scenes available for the selected months, the closest-in-time and most cloud-free scenes available were downloaded for the analyses. Minnaert topographic correction, cloud and cloud shadow removal were performed using the Landsat package in the R language and environment for statistical computing [45, 46] . Images were mosaicked and classified by applying the maximum likelihood algorithm in ENVI version 5.3 [47] . Reference datasets for land cover classification (training) were produced by random sampling of a combination of relatively finescale global maps, the GlobeLand30 and the global forest/ non-forest maps (FNF) [48, 49] using the ArcGIS software version 10.3.1 [37] . Six land cover classes were identified: water bodies, artificial surfaces, bare or sparsely vegetated areas, herbaceous vegetation, cultivated land, shrubland and forest. Due to substantial similarities between the spectral values of artificial surfaces and bare or sparsely vegetated areas, these two classes were merged and represented as a single land cover category called bareland/artificial surfaces ( Table 1) .
Sets of space-and time-referenced photographs from the website Panoramio [50] were downloaded for each year to produce datasets for accuracy assessments of the land cover classes. In order to reduce the level of uncertainty due to the use of this type of data [51] , all selected photographs were labelled manually based on visual interpretation, and cross-checked against historical imagery from Google Earth Pro (GEP) version 7.1.5.1557 [52] . The overall classification accuracies of all maps were higher or equal to 80% and the total Kappa coefficients were greater than 0.7. These results represent a substantial agreement between the reference datasets and the classified maps. The six land cover maps and more specific and detailed information about the process of land cover classification and validation is available elsewhere [53] .
Monthly averages of temperature and precipitation data for the period January 1 1980 to December 31 2013 were provided by the Chinese Academy of Sciences. Data were first collected from 16 local weather stations and interpolated using the Inverse Distance Weighting (IDW) method. ESRI grids including the monthly data were obtained at the resolution of 1 km (approximately 30 arc-seconds) grid (Additional files 2, 3 and 4).
Elevation data from the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM) version 2 were downloaded from the USGS Earth Explorer website [54] . The ASTER GDEM is available globally in GeoTIFF format at the resolution of 1 arcsecond (approximately 30 m) (Fig. 2) .
Data analysis
A township-level shapefile (boundary map) of NHAR was produced using MapInfo Pro software version 15.0 [55] and a scanned and geo-referenced administrative map of NHAR provided by the Bureau of Geology and Mineral Resource. The administrative boundary map included 227 township-level areas. The small area of the townships (median 154 km 2 , interquartile range 73.5-297.5 km 2 ) permitted an analysis of human echinococcoses at a high level of spatial disaggregation.
The spatial datasets including human echinococcosis cases, demographic and environmental data were imported into the ArcGIS software [37] and projected to the Universal Transverse Mercator (UTM) coordinate system zone 48 N. The datasets were linked according to location to the administrative boundary map of NHAR to summarise and extract the data by township area and define parameters for subsequent statistical analyses. Annual series of bioclimatic variables were calculated at the township level from the climate datasets. Monthly temperature and precipitation records were summed in the GIS to provide annual, summer (June-August) and winter (December-February) averages. Other variables that were calculated include maximum, minimum, standard deviation, range values and precipitation of the driest and wettest quarters of each year.
Crude standardised morbidity ratios (SMRs) for each administrative area were calculated for the periods 1994-1998, 1999-2003, 2004-2008 and 2009-2013 . SMRs were computed by dividing the observed number of cases by the expected number of cases in the study population (overall incidence rate of human echinococcoses for the whole province from 1994 to 2013 multiplied by the population of each township).
To account for the long incubation period of CE and AE, temporal lags in the effects of land cover and bioclimatic variables were incorporated in the analysis by calculating cross-correlation coefficients between the CE and AE counts in a given year and the value of each environmental predictor at time t (t-0, t-1, t-2… t-34 years). From each bivariate time-lagged correlation, only the lag with the highest correlation value was selected for the analysis. A moving average (MA) technique was also applied to generate temporally smoothed estimates of the land cover and climate data. In this way, it was possible to capture the interplay between the parasite, hosts and the environment over an extended period of time rather than at a single point in time. In order to examine different short-, intermediate-and long-term exposure windows, the MAs were calculated by aggregating the environmental data in 5-year lagged periods as follows: MA 1 (t-0, t-1, t-2, t-3, t-4) MA 2 (t-1, t-2, t-3, t-4, t-5) MA 3 (t-5, t-6, t-7, t-8, t-9) MA 4 (t-10, t-11, t-12, t-13, t-14) MA 5 (t-6, t-7, t-8, t-9, t-10) MA 6 (t-11, t-12, t-13, t-14, t-15)
Univariate Zero-inflated negative binomial regression models were developed using the R software version 3.2.2. [45] . In this way, it was possible to assess separately the association of the response variables, CE and AE counts, with the environmental factors with the highest lagged correlation and all MAs. Zero-inflated negative binomial regression models were preferred over Poisson, negative binomial and zero-inflated Poisson models based on the results of the Vuong test [56] . Pearson correlation analyses were applied to assess collinearity among all environmental predictors. If the correlation coefficient between a pair of variables was > 0.9, the variable with the highest value of the Akaike information criterion (AIC) in the univariate regression model was excluded from the multivariate analysis. Nonlinear associations between the environmental covariates and CE/AE counts were also examined using quadratic terms (Fig. 2) .
A Bayesian framework was used to construct three different Poisson regression models of the observed incidence data of CE and AE using the OpenBUGS software 3.2.3 rev 1012 [57] . The first model (Model I) was based on the assumption that spatial autocorrelation was not present in the relative risk of these infections. This model was developed incorporating time in years, the selected explanatory variables and an unstructured random effect for township; the second model (Model II) included the explanatory variables and a spatially structured random effect; the third model (Model III) was constructed without explanatory variables and incorporating only a spatially structured random effect (enabling an assessment of the degree to which the explanatory variables characterised spatial clustering of infections).
The mathematical notation for Model II is provided below, and contains all of the components of Model I and Model III. Model II, assumed that the observed counts of the infection (CE or AE), Y, for the ith township (i = 1.. .227) in the jth year (1994-2013) followed a Poisson distribution with mean (μ ij ), that is,
where Exp ij is the expected number of cases in township i in year j (acting as an offset to control for population size) and θ ij is the mean log relative risk (RR); α is the intercept, γ is the coefficient for temporal trend, β is a vector of z coefficients, λ is a matrix of z environmental covariates, and s i is the spatially structured random effect with mean zero and variance σ s 2 . Standardization of environmental variables was used to allow comparability of the effects and provide a more meaningful interpretation on the results. Standardization, involved subtracting the mean from each environmental variable and the difference was divided by the standard deviation, which resulted in a standard deviation of one.
The spatially structured random effect (Models II and III) was modelled using a conditional autoregressive (CAR) prior structure [58] . This approach uses an adjacency weights matrix to determine spatial relationships between townships. If two townships share a border, it was assumed the weight = 1 and if they do not, the weight = 0. The adjacency matrix was constructed using the ' Adjacency Tool' of the OpenBUGS software 3.2.3 rev 1012 [57] . A flat prior distribution was specified for the intercept, whereas a normal prior distribution was used for the coefficients (with a mean = 0 and a precision = 0.001). The priors for the precision (1/σ t 2 ) of spatially structured random effects were specified using non-informative gamma distributions (0.5, 0.0005) (Additional files 5 and 6).
The first 1000 iterations were run as a burn-in period and discarded. Subsequent sets of 20,000 iterations were run and examined for convergence. Convergence was determined by visual inspection of posterior density and history plots and by examining autocorrelation plots of model parameters. Convergence occurred at approximately 100,000 iterations for each model. The last 20,000 values from the posterior distributions of each model parameters were stored and summarised for the analysis. The deviance information criterion (DIC) was used to compare the goodness-of-fit between models, where lower DIC indicates a better model fit. An α-level of 0.05 was used in all analyses to indicate statistical significance (as indicated by 95% credible intervals (95% CrI) for relative risks (RR) that excluded 1).
Choropleth maps were created using the ArcGIS software [37] to visualise the geographical distribution of crude SMRs for the 227 townships in NHAR. The relative risks of infection were expressed as a percentage by multiplying by 100. The posterior means of the random effects obtained from the models were also mapped.
Results
Descriptive analysis
Summary statistics for annual mean numbers of human echinococcoses in NHAR for the period 1 January 1994-31 December 2013 were calculated (Table 2) . A total of 4472 cases were diagnosed in the hospitals during the study period. From the total number of cases, 4402 cases (98.4%) were CE and 72 (1.6%) were AE. Two patients were diagnosed with both diseases. The number of annual cases of CE increased slightly from 1994 to 2013 (Additional file 7). Apart from the peak in the annual number of AE cases in 2007 and 2008, the annual human echinococcosis cases remained relatively stable during the study period (Additional file 8). While the number of annual CE cases by township ranged between 0 and 32 with a mean of 0.9, the annual number of AE cases ranged between 0 and 5 with a mean of 0.02. Annual maximum and minimum temperatures for the townships in NHAR were 26.3°C and − 13.9°C, respectively, with a mean of 8.7°C between 1980 and 2013. In the same period, annual maximum precipitation was 19,981.3 mm and annual minimum precipitation was 0.01 mm with a mean of 255.6 mm (Additional files 9 and 10). The mean elevation of the administrative areas was 1506.3 m above sea level. Township area covered by each land cover class in NHAR for the period 1 January 1980 to 31 December 2013 is presented in Additional file 11.
The maps of SMRs for the number of CE infections by township in the four time periods show some degree of spatial variability across the province (Fig. 3 ). In general, higher incidence rates of CE were observed in townships located in the northern Yellow River Irrigated District and the southern mountainous and loess hilly district, whereas lower incidence rates were recorded in the central desertified district of NHAR. The maps of AE incidence show that this infection was mainly distributed in the South with occasional foci identified in the North (Fig. 4) .
Bayesian spatio-temporal models of human CE and AE Based on the DIC estimates, Models II of CE and AE had the best parsimonious characterization of the data among all the models examined (Tables 3, 4) . The higher DIC for Model I and III than Model II indicates that the addition of spatial structure to the random effects improved model fit. In model II of CE, winter mean temperature at 10-year lag had a statistically significant association with the incidence of cases (Additional file 12). There was an estimated increase of 15.0% (95% CrI: 10.8-19.3%) in the risk of CE for a 1°C increase in winter mean temperature 10 years prior to the diagnosis of the infection. Conversely, there was a decrease of 2.2% (95% CrI: 1.2-3.4%) in the risk of CE for every year during the study period. The quadratic term for annual mean temperature was also significant, indicating that the association between this variable and the outcome was nonlinear (Additional file 13). The MA2 of annual mean temperature, the MA4 of annual mean precipitation and the MAs calculated for the percentage of township area covered by the land cover types were not significant. The difference in the variance of the spatially structured random effect between Model III (9.1; 95% CrI: 7.4-11.6) and Model II (8.9; 95% CrI: 7.1-11.1) indicates that the covariates accounted for only a small proportion of the spatial variability in the data (Table 3 and Fig. 5a, b) . Model II of AE showed that the MA1 of winter mean temperature (Additional file 14), the MA6s of annual mean temperature (Additional file 15) and the percentage of township area covered by bareland/artificial surfaces, had a significant negative association with AE cases. There was a decrease of 65.7% (95% CrI: 19.6-85.4%) in the risk of AE for a 1°C increase in the average of winter temperature calculated for the 5-year period previous to the diagnosis of the disease (0-4 years). Also, the decrease in the risk of AE was 97.4% (95% CrI: 70.8-99.8%) and 5.0% (95% CrI: 0.9-9.3%) for an increase of 1°C in annual mean temperature and 1% increase in MA6 of township area covered by bareland/ artificial surfaces, respectively. There was a statistically significant increasing temporal trend in the risk of AE. The difference between the DIC of Model II, 184.8, and that of model III, 486.7, indicates that the inclusion of the environmental covariates improved model parsimony. The variance of the spatially structured random effect decreased from 10.6 (95% CrI: 5.5-25.0) in Model III to 9.5 (95% CrI: 4.6-23.8) in Model II. These results may suggest that, unlike the findings in the model of CE, the selected environmental covariates characterised a higher proportion of the spatial variation in the risk of AE (Fig. 5c, d) .
The maps of the residual spatial variation of CE, before (Model III) and after (Model II) accounting for the environmental covariates, show almost identical spatial patterns without clear evidence of disease clustering (Fig. 5a, b) . Conversely, the maps of the distribution of the residual spatial variation of AE risk demonstrated evidence of clustering when the model did not incorporate the environmental covariates (Model III). The degree of clustering decreased when the effect of these variables was included (Model II), suggesting that the covariates contributed to clustering in the south of NHAR (Fig. 5c, d) . Maps of the raw relative risks were generated for CE and AE by township and year (Additional files 16 and 17). These maps show that the risk of CE was distributed across all geographic regions in NHAR during the entire study period, while the risk of AE was confined to the south. However, based on the environmental factors associated with AE risk in NHAR, it was also possible to identify an area at high risk of AE in the northeastern part of the central desertified district (Additional file 17).
Discussion
The results indicate that winter mean temperature and annual mean temperature, 10 and 13 years prior to diagnosis, respectively, have influenced the incidence of E. granulosus at the township level in NHAR.
Temperature is a major determinant of the survival and longevity of Echinococcus spp. eggs in the external environment [59, 60] . In vivo studies have concluded that the eggs of E. granulosus remain viable and infective after 41 months of exposure to an inferior arid climate, which is characterised by large thermal amplitude (from − 3 to 37°C) and low precipitation (under 300 mm/year) [59] . The present study revealed a positive association of CE cases with winter temperature at 10-year lag and a nonlinear association with annual mean temperature at 13-year lag. These findings indicate that the number of CE cases may have increased progressively when eggs were exposed to optimal temperatures but decreased with extreme temperatures that fell outside the optimal range. The relationship between E. granulosus infection and these two variables was significant after a time lag of more than 10 years. This is in agreement with the long incubation period of this parasite that has been reported to be between 5 and 15 years [41] . Of note, we do not suggest that the specific lag periods for each variable are important, but that the general pattern of lags indicate environmental conditions in the range of 10 to 15 years previously influence current patterns of disease. CE cases were distributed across all the three biogeographical areas of NHAR: the northern Yellow River Irrigated District, the central desertified district and the southern mountainous and loess hilly district (Fig. 1) . A higher risk of infection was observed in townships located in the North in close geographical proximity to Yinchuan. Urban areas may provide better job prospects and higher salaries for rural migrants who were exposed in their home township. In the cities, people who contracted the infection in their rural areas of origin may have had an improved access to healthcare services and the confirmation of the diagnosis of echinococcosis and management [61] . These findings raise the need for further studies to determine how access to healthcare may affect the incidence of the infection. The risk of CE was found to be higher in townships from the southern mountainous and loess hill district. This part of NHAR is one of the three poorest areas in China where almost half the population belong to the Hui minority ethnic group [16] . Livestock and arable farming, which are common practices among these communities, represent higher risk of exposure to Echinococcus spp. [62, 63] . The Provincial technical standards for livestock slaughtering and antemortem and post-mortem meat inspection in NHAR are in agreement with the recommendations proposed by Food and Agriculture Organization of the United Nations [64, 65] . However, government-run abattoirs in NHAR are scarce, particularly in the South, where livestock slaughter is carried out mostly at rural market places or in domestic environments that are not legally compliant [66] . Unrestricted post-slaughter offal disposal is common in the region and has been identified as a potential local factor increasing the risk of CE [67] . Under similar circumstances in Qinghai Province, previous studies have suggested that domestic dogs may have a higher probability of access to livestock viscera in early winter and spring [68] . The prevalence of CE in sheep was estimated to be 52% in NHAR in 2008, and between 0 and 9% according to more recent reports of studies conducted at small spatial scale (no larger than county level) [66, 69, 70] . The variance in these prevalence estimates may be related to local or individual conditions that favour hotspots of high transmission within discrete patches of CE endemicity. Also, in the Autonomous Region, 3% of goats, 81% of cattle, 24% of pigs and 19% of camels were reported infected with E. granulosus in 2008 [71] . Although there is evidence of spatial clustering within the central desertified district, lower risk of CE was observed in this biogeographical area where communities are more scattered in isolated settlements.
The environmental covariates accounted for a relatively small proportion of the spatiotemporal variation in CE risk in NHAR. These findings suggest that there may be other local unmeasured factors that influence the spatial distribution of E. granulosus in the province. Some local socio-economic and behavioural drivers that have also been found to be positively related to CE in this hyperendemic area include low income, limited education, poor hygiene practices, female gender and Hui ethnicity. In contrast, tap water consumption has been identified as a factor that can protect against E. granulosus infection [35] . Although infection control in dogs has been identified as a key measure against echinococcoses in China, dog ownership still remains as an important risk factor for the infection in NHAR [35, 72] . The western China echinococcosis control programme recommends supervised treatment of all owned dogs four to eight times a year with praziquantel [73] . However, this is a measure that has been hard to apply, monitor and sustain in the remote-settled communities of the Autonomous Region [74] .
The findings of the model of AE concur with previous studies conducted in different regions in echinococcosisendemic countries that indicated that E. multilocularis has a focal spatial distribution [6] [7] [8] . The study also concurs with previous evidence that indicates that land cover and temperature influence AE incidence [22, 60, 75] . AE risk was spatially clustered in an area covered by Xiji, Guyuan and Haiyuan Counties, located in the southern mountainous and loess hill district (Fig. 1 ). This part of NHAR has been greatly transformed by the implementation of the GGP. Forest growth has primarily occurred in the northern and southern parts, in the Helan and Liupan mountains in the North and South, respectively (Fig. 1 ) [76, 77] . An increase in herbaceous vegetation has also been described in the central arid area of NHAR, and around the margin of the forestland [76, 77] . Hence, the distribution of AE risk observed in the current study concurs with the spatial patterns of the GGP land conversion processes that have been described in this autonomous region.
Echinococcus multilocularis is transmitted in semidomestic and sylvatic life cycles that involve dogs and foxes as main definitive hosts, respectively, and small mammals as intermediate hosts [6, 78] . It has been demonstrated that landscape structure may influence the transmission patterns of this parasite by influencing the suitability and location of ecological habitats for its hosts [11] . With regards to land cover, it was found that the merged category of bareland/artificial surfaces was not associated with the transmission of E. multilocularis at the township level in NHAR. This observation suggests that the life-cycle of the parasite is supported in vegetated areas (i.e. forest, shrubland and cropland). These findings raise the need for further studies to determine the association of the GGP and other potential drivers of land cover change with the risk of human AE.
The impact of forest fragmentation on small mammals assemblages has now been demonstrated and explained by the interaction between forest patch metrics and small mammal species richness, abundance and composition [21, 31, [79] [80] [81] . In Xiji County, in the South of NHAR, a previous study indicated that the abundance of degraded lowland pasture was related to higher prevalence of AE in humans [14] . In the same area, a smallmammal survey conducted in relation to different land cover types at the community level revealed the presence of 16 species of small mammals [11] . That study indicated that in areas that experienced afforestation, the diversity of assemblages was lower than that of assemblages in areas where deforestation occurred [11] . However, species richness did not seem to be affected by these land conversion processes [11] . Trapping success of potential E. multilocularis intermediate hosts such as, Cricetulus longicaudatus and Ochotona daurica, was higher in recently afforested set-aside fields and abandoned grasslands, and Spermophilus alashanicus/dauricus in young plantations [11] . Therefore, it can be assumed that landscape transformation process that is taking place in NHAR may have disturbed rodent assemblages, and therefore affect the risk of E. multilocularis transmission. In Zhang County, Gansu Province, a study revealed that the process of land cover change that occurred in this endemic area affected the transmission dynamics of the parasite. There, the increase in grassland/shrubland that followed a process of deforestation favoured the creation of peri-domestic habitats of intermediate host species, and the development of peridomestic cycles involving dogs [13, 82] . Similarly, the percentage of area covered by grassland and E. multilocularis infection in humans and foxes had a positive relationship in Eastern France [13, 83, 84] . In this area various studies also reported regular outbreaks of Microtus arvalis and Arvicola terrestris, key intermediate hosts for E. multilocularis [13, 17] . However, the picture is complex, given that in Sichuan Province, a negative cross-sectional association was observed between Ochonta spp. and Enhanced Vegetation Index, and previous evidence showed that this recognised intermediate host of E. multilocularis is more common in areas with low vegetation cover [16, 85, 86] .
The negative association between AE cases and winter temperatures may be due to the influence of temperature exposure on eggs of E. multilocularis, and potentially the influence of temperature on small mammal population dynamics and fox/dog/small mammal predator-prey relationships [60, 87] . Evidence indicates that temperature affects the geographical range and changes the composition of small mammal communities [88, 89] . Also, climate has been identified as a factor contributing to changes in the distribution and abundance of the red and Arctic foxes, which are sylvatic definitive hosts for E. multilocularis in Arctic Canada [90, 91] . Reports of infection with E. multilocularis in red foxes in NHAR are only available for the mid1980s [92] . At that time, 15% of trapped red foxes were infected with E. multilocularis in Xiji and Guyuan Counties [92] . Although there is not current evidence on how the local environment fluctuations influence the ecology of this type of vertebrates in the Autonomous Region, it can be thought that variations in climate and land cover have the potential to affect the dynamics and predator-prey interactions of potential hosts for E. multilocularis in NHAR. Also, climate and the landscape may favour the presence of other potential definitive hosts for this parasite in NHAR. Infection with E. multilocularis has also been detected in wolves (Canis lupus) and corsac foxes (Vulpes corsac) in other parts of the P.R. China [82] .
Since the latent phase of AE in humans has been estimated to be between 5 and 15 years, the associations between AE incidence and land cover and temperature are plausible [93] . However, in this study there was also a significant association between AE cases with the average of winter temperature for the years 0, 1, 2, 3 and 4 prior to diagnosis. This finding may suggest other effects of temperature on the health-seeking behaviour of the inhabitants of NHAR, rather than on exposure to, or infection with the parasite. The high cost of medical care and the lack of health insurance have been identified previously as primary factors for the under-utilization of health care services in China [94, 95] . Therefore, seasonal rural-urban migration and temporary employment in NHAR could be related to this association between winter temperature and the risk of human AE.
As initiatives to address the high burden of human echinococcoses in China have already been established [27] , there is a current need to identify high-risk areas for undetected infection to provide guidance to local authorities in implementation of the surveillance and control interventions [27] . The present study provides important evidence that indicates that populations living in southern mountainous and loess hilly district of NHAR were at greatest risk of acquiring CE or AE during the study period. Hence, these findings can be used to inform a decision to prioritise screening surveys in communities from Xiji, Guyuan and Haiyuan Counties which areas heavily affected by both forms of the infection. In this way, it will be possible to provide better estimates of the real impact of human echinococcoses in the autonomous region and to monitor the patterns of E. granulosus and E. multilocularis transmission [96] . To further improve the predictive performance of our models, particularly in remote areas with limited access to health services, the surveillance data should be analysed with other socio-demographic data [18] . The use of GIS technologies, Earth observation data and spatial statistical analysis for the study of the spatio-temporal dynamics of CE and AE cases may help to monitor trends in echinococcosis occurrence in hyperendemic regions. This information is relevant particularly in areas where ecological projects that alter local ecosystems are currently being implemented. Therefore, these technologies may be used to estimate future requirements for scaling up and targeting of essential control strategies, and to provide risk assessments for future landscape planning and ecosystem management and protection initiatives [19] .
The limitations of this study include that it relied mainly on data collected from selected county hospitals, which overlooks the contribution of CE and AE cases that were not referred to these health care institutions for confirmation of diagnosis treatment and follow-up. Human echinococcoses are not legally notifiable diseases in China. Most patients are commonly identified in clinical records and mass screening surveys conducted in the most affected areas to help reduce the medical, social and economic burden of the infections. Therefore, further work needs to be carried out to evaluate and improve the surveillance and provide real estimates of the number echinococcosis cases in the country. Also, in this study, data on the number of patients who were immunosuppressed at the time of diagnosis were not available. Among these patients, CE and AE behave differently and may develop during a relatively short period of time [97] . Therefore, it is recommended that future studies to identify environmental risk factors for transmission also involve indices of individual biological condition that may be associated with progression and times of infection and diagnosis of the disease. In the study, the township in which patients resided at the time of diagnosis was assumed as the place where acquisition of infection occurred. Although the patient's place of residence may be a reliable indicator for establishing the geographical origin of the infections, this may not apply for all cases. The human labour migration that has characterised NHAR in past decades may have had an impact on the observed trends of infection and results need to be interpreted with caution. Here, we explored the spatio-temporal patterns of echinococcosis infection in NHAR, and the association of environmental variables with the transmission of Echinococcus spp. at the township level. Hence, the results do not allow for inferences to be made about the risk of human echinococcoses at the commune or individual levels. More detailed information about the local structure of these infections may be further included to improve the CE and AE models. The impact of the GGP and other ecological restoration projects was not formally tested in this study. Therefore, it is necessary to establish evidence for the impact of such projects to facilitate environmental risk assessments of future ecosystem management and protection programmes. [98] . The use of interpolated surfaces for the estimation of climatic and land cover variables also represented a challenge for the interpretation of the findings. The precision of the interpolated values at point locations may vary considerably over time and over the entire study area. Also, the IDW interpolation method used by the Chinese Academy of Sciences is a simple and intuitive deterministic method based on the assumption that sample values closer to the prediction location have more influence on prediction value than sample values farther apart. However, IDW has sensitivity to outliers or sampling configuration and does not allow the incorporation of ancillary data [99, 100] . We believe that a meaningful assessment of the associations between human echinococcosis risk and the environment can only be achieved with the use of consistent and long-term climate and land cover records that allow to capture significant spatial variability.
Conclusions
In this study, maps of the geographical distribution of CE and AE for a highly endemic area of China (NHAR) have been produced, and some of the environmental factors that are associated with the transmission patterns of E. granulosus and E. multilocularis at the township level were quantified. Selected environmental covariates characterised a large proportion of the spatiotemporal variation in the risk of AE. However, the CE appears to be less spatially variable and the geographical distribution is likely determined by other unmeasured factors. Evidence on the potential effects of the GGP on the risk of AE was presented due to the association with vegetated areas and a decrease in bareland. By mapping the distribution of the risk of these infections, we provide evidence that can be used to scale-up and target essential control strategies, and to inform risk assessment of large-scale landscape regeneration initiatives.
